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t h a t  the  s imple  p r o p e r t y — s e t  model  ( R i )  and t h e  w i t h i n — c l a s s

p r o p e r t y — s e t  model (2 2 )  p r o v i d e  a b e t ter  f i t  to t h e  da ta  t h a n  a l l

other models, includin g the prototype— p lus—transfor mation mode l

(83). The last c o l u m n  ot Tab le  4 p r o v i d e s  t h e  f i t  of t h e  models

to  t h e  mea n r ecogn i t i on  r a t i n g s across s ub j e c t s  ( t h e  d a t a  g i v e n

in t h e  L ir s t  c o lu n n  of Tab le  2) . A q a i n , the  s i m p l e  p r o p e r t y — s e t

model  and t h e  w i t h i n — c l a s s  p r o p e r t y — s e t mode l  p r o v i d e  the test

f i t  to  t he  d a t a .

To e v a l u a t e  t h e  s t a t i s t i c a l  r e l i a b i l i t y  of these  r e s u l t s,

t h e  f i t  of each model  was d i r e c t l y  co m p a red  to  t h e  f i t  of eac h

o t h e r  model  by a m a t c h e d - p a i r s  t — t o s t .  The  m a t c h e d  p a i r s  used in

the analysis were the 108 fits of t he  t w o  models  to be compared

to th e individual subject r e c o g n i t i o n  r a t i n g s .  T h i s  a n a l ys is  was

r epea ted  f o r  all pairs  ot 26 mode l s  in  o rde r  t o  i d e n t i f y  the

b e s t - f i t t i n g  model .  Al l  r e p o r t e d  s i g n i f i c a n c e  l evel s  we re p (

.05 or smaller.

For b o t h  s u b j e c t s  w h o  kne w the  p r o t o t y p e s  in  a d v a n c e  and

those who did not , the s i m p l e  p r o p e r t y — s e t  mode l  and  t h e  w i t h i n —

class  p r o p e r t y — s e t  model f i t  t h e  d a t a r el i ab l y  be tter t h a n eac h

of the other 24 models. The fits of the two models were not

s i gn i t i c a n tly  d i t L er e n t .  F u r t h e r m o r e , b y  per f o r m i n g  a M on te

C a r i~ a n a l y s i s  i t  was f o u n d  t ha t bo th  these  models  f i t  t h e  d a t a

r e l i a b l y  bet ter  t h a n  c h a n c e  (p < .01)  . The tlorite Carlo analysis

c o m p a r e d  t he  t i t  o f  t h e  mode l  t o  obse rved  d a t a  w i t h  t h e  f i t s  when

mean rec o g n i t i o n  r a t  i r .~~s h e r e  r a n d o m l y  a s s igned  to  i t e m s .  The

attai ned significance level of the model (i.e., < .01) is the

p r o p o r t i o n  of t ime s iandor r ized  r a t i n g s  p r o v i d e d  a b e t t e r  l i t  t h a n

d i d  t h e  ac tua l  d a t a .

_______ — — - - -- —.— -- .  ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
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The resul ts  of the f i n a l  c l a ss i t i cat ion  task  are g iven  in

Table  5. The c l a s s i f i c a t i o n  d a ta  were  sub jec ted  to t h e  same

w i t h i n — s u bj e c t  a n a l y s i s  as d e s c r i b e d  a b o v e  fo r  t h e  r e c o gn i t i o n

data. The first L~~lum rr of Table 5 gives the mean f i t  f o r  10~

s u b j e c t s  of each of t h e  1~~ c l a s s if i cat i o n  models  l i st e l  in

A p p e n d i x  I I .  The la st  c o l u m n  in  Tab l e  5 g ives  the  fit of each of

t he models t o t L ~~ ‘e~n cl .~s s i f i c a t i on  r a t i n g s  t ot  e X 4 ~tT-~~la rs

across all sub 1ec- t~ ~the lata in the last column of Table 2).

While several of t I e  ~, *del s dppCai to f i t  the data well , the best

fitting model was the classical most diagnostic prop erty—set

model ( C l ) .  The s im i l a r i t y  in t h e  f i t  va l u e s  of s e v e ra l  of t he

c l a s s i f i c a t i o n  models  is due  to  t he  fac t t h a t  cn m a n y  p a i r e d

c o m p a r i s o n s  used in  t he  a n a l y s i s, a l l  m o d e l s  m a k e  t h e  same

p r e d i c t i o n s .  H o w e v e r , on those  compar isons  f o r  w h i c h  t h e  m ode ls

make differential predictions, the classical most di~tjnest ic

p r o p e r t y — s e t  model  p rov ides  the  most  r e l i a b l e  p r edi c ti o ns .

M a t c h e d — p a i z s  t~- t e s t s  were p e r f o rm e d  on a l l  pa i r s  of t h — ~ 12

c l a s s i f i c a t i o n  models by t h e  same procedure  used to t  the

r e c o g n i t i o n  d a t a .  The classical most d i a g n o s t i c  p r o p e r t y — s e t

model  f i t  the  d at a  s i g n i f i c a n t l y  b e t t e r  t h a n  each of t he  o t h e r  11

models , as well as fi tting the dat a reliably better than

chance  (p < .01) by  a Monte  C a r l o  a n a l y s i s .

Discuss ion

The  r e s u l t s  sugqest  t h a t  i n i t i a l l y  c l a s s i f i e d  e x e m p l a r s

can be p o w e r f u l  d e t e r m i nan t s  of s u b s e q uen t  r e c o g n i t i o n  and

c l a s s i f i c a t i o n  b e h a v i o r .  T h i s  app e a r s  to be t h e  case even

wh e n  s u b j e c t s  k n o w  a s imp le c l a s s i f i c a t i o n  r u l e  in advance  and

so need not  p a y  p a r t i c u l a r a t t e n t ion to i n d i v i d u a l  exempla r s

‘ I 
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T A B L E  5

Proportion of Pairwise Classification Prediction s
Discont i rmed f o r  Each C l a s s i f i c a t i o n  Model  

Mean W i t h i n -  S t a n d a r d  F i t  to Mean Test
Model  Sub j ec t  F i t  Er ro r  Fxempla r  R a t i n g s

Classical Most D iaq n o s tic
P r o p e r t y — S e t

Cl .05 .004 .00
P r o t o t y p e —  Plus — T r a n s f o rma t i o n

C2 .07 .005 .00
A l t e r n a t i v e  Dis tance  Models

C) .07 .004 . 03
~~ C14 .07 .004 . 0 3

CS .07 .004 .03
C6 .08 .004 .01
Cl .07 .004 .03
C8 .07 .004 .05
C9 .09 .005 .00

A l t e r n a t i v e  Stre ngth  Models
ClO .06 .004 .00
C l i  .12 .001 .10
C 12 .12 .001 .10

*

I
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d u r i n g  i n i t i a l  c l a s s i f i c a t i o n .  F u r t h e r , i t  a p p e a r s  t h a t  t h e

presentation frequenc y of the property-sets rf  i n i t i a l l y

c l a ssi f i ed  e x e m p l a r s  i n f l u e n c e  s u b s e q ue n t  t~ coqnition and

c l a s s i f i c a t i o n  p er f o r m a n c e .  The p r o p e r t y — s mclei descr ibe d

here f o r m a l i z es  these f a c t o r s .  S u b j e c t s  appe a r  to encode f rom

presented exemplars Lingle features and corm)unctions of those

features in their memory representation ot the exemplars. The

assumption that all combinations of features are part of the

encoded representation distinguishes this mode]. trom other

traditional feature—frequency models.

For exam ple , su ppose the Clu b 1 prototype was 30 years old ,

ju n i o r  hi gh schocl educa t ion, and single; t he Club 2 proto type

was 50 yea rs old , college educ ation , and married; and 40 years

old was acceptable tor either club. At the end of the initial

classifica tion session, a sub ject would have seen the exemplar

(1) 50 years old , junior hig h school educa tion , single 10 times

(associat ed with different names and hobbies). The exempla r (2)

(4 0 years  old , j u n i o r  h i g h  schoo l e d u c a t i o n , s ing le w o u l d  h a v e

been seen once. The different presentation frequencies would be

r e fl e c t e d  in memory  as d i f f e r e n t i al m e m o r y  s t r e n g t h s  f o r  the

compor ien t ial  p r o p e r t y-sets. C o m b i n i n g  these d i ffe r e n c e s  w i t h  t h e

e ff e c t s  of p r e s e n t a t i o n  of o t h e r  ex en p l a r s  t he  sub jec t w o u l d  h a v e

seen sh ar in q  some of these p r o p e r t y - s e t s, t h e  m e m o r y  s t r e n g th

d i f f er e n c e s  re l e v a n t  to e x e m p l a r s  (1)  and ( 2 ) , a f t e r  the  i n i t i a l

c l a ssi f i c a t i o n  session, w o u l d  be: 50 yea r s  old( 5O ) vs. 40 yea r s

o l d r 2 O ) ,  50 yea r s  old & j u n i o r  h i g h  e d u c a t i o n f 3 l ]  vs. 40 yea r s

o ld  & j u n i o r  hiqh e d u c a t i o n [ 3J ,  5C y e a r s  old & s i n q le [ 2 1 ]  vs. ~4 O

yea r s  old F s i nq le f  131, and  50 y e a r s  old & j u n i o r  h i g h  e du c a t i o n

& sinqlef 101 vs. 40 years old C lu n i o r h i g h  e d u c a t i o n  C

I 
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sinqlel 1]. All other corresponding property-s ets tar (1) i~~1 (2)

had i d en t i c a l m e m o r y  s t r en g ths .

D u r i n g  r e c o g n i t i o n, a su b j e c t ’ s c o n f i d e n c e  in  h a v i n q  seen art

e x e m p l a r  p r e v i o u s l y  is a f u n c t i o n  of the  p r i o r  p r e s e n t a t i o n

frequencies of the component property—sets of the exemplar either

i n  a l l  presen ted  e x a m pl a r s  (simple property—set model) or in

exemplars of the same class as the test exemplar (within—class

p r o p e r t y — s e t m o d e l )  . Since t h e  s t re ng t h s  associa ted w i t h  ( 1 )

d o m i n a t e  t h o s e  of ( 2 ) ,  b o t h  m o d e l s  c o r r e c t l y  p r e d i c t e d  b e t t e r

recognition of (1) than (2). The data obtained in the experiment

are not sufficient to discriminate betwee n these two models.

H o w e v e r , b o t h  of t he se  models  p r e d i c t  t h e  d a t a  m o r e  r e l i a b l y  t h a n

~ t h e r  simpl ’~ featu re—frequency m o d e l s , t h e  p r o t o t y p e — p l u s —

t r a n s f o r m a t i o n  m o d e l , or o t h e r  s t r e n g t h  mo d e l s .

One miq ht be tempted , based on this example , to pos tu l a te

reco-inition based cnly on frequency at presentation of the entire

e x e m p l ar ; t h a t  is , tha t (1 )  was  r e c o g n i z e d  b e t t e r  t h a n  ( 2 )  s i m p l y

b ecause  i t  was p resen ted  ten  t in -e s vs.  one t ime . In f a c t , t h i s

model  was e v a l u a t e d  as one of the alternative strength models

( R 1 9 )  and can be re jec ted  because  i t  p r o d u c e d  a wor se  f it  to the

d a t a  t h a n  the  p r o p e r t y — s e t  m o d e l s .

The p r o p e r t y - s et model a l so  p r o v i d e d  i h e  best a c c o u n t i n g  of

f ina l classification performance. This tepresentation was

c o m b i n e d  w i t h  a c l a s s i f i c a t i o n  r u l e  that assumes the most

d i a q n o s t i c  p r o p e r t y — s e t  of t h e  t c s t  e x e m p l a r  (as d e t e r m i n e d  by a

cias.;ical likelihood estimate) deterirines how it is classified.

suppose, for example , the subject attempted to classify the NEW

- ----—
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e x em p l a r  40 yea r s  old , j u n i o r  h i g h  school  e d u c a t i o n , s i n g l e

( 3 1 2 )  . The most  d i agn o s t i c  p r o p e r t y — s e t  f o r  C l u b  1 rne!rb er shi~-

( t h a t  is , t h e  p r o p e r t y — s e t w i t h  t h e  l a r g e s t  r a t i o  of s t r e n g th

contribu tions from Club 1 exemplars to total strength) is junior

high schoo l education (=28/50) . The mos t  d iagn c s t i c  p r o p e r t y — s e t

for C lub 2 memb~ rship is married (=28/50). Since these two

likelihood estimates are identical , th e sub ject should classify

the exempla r in club 1 or Club 2 with equal probability, a

prediction confirmed by the data. This classification model was

superior to the distance and other strength models in p r e d i c t i n g

subjects ’ performance. Thus, it  seems reasona~~le to  conc lude  t h a t

the propert y—set model provides the best theoretical explanation

curre ntly available for both recognition arid cla s s i f i cit i o n

per fo rmance .

On the  other  band , one m i g h t  conceive of s i t u a t i o n s  in w h i c h

recognition and classification perfor~ ance are influ enced by

r ar i a ble s  in addition to property-set frequency. Such additional

f a c t o r s  determining sub jects’ performance might include conscious

s t rat e q y  s h i f t s  t h a t  resul t  in subjects ’ attending to some su bset

of the presented f e a t u r e s  of t h e  s t i m u l i , c o m p l ex i t y  and

f u z z i n e s s  of the concepts to be l ea rned , t h e  numbe r and r a t i o  of

r e l e v a n t  and i r r e l e v a nt d imens ions  on w h i c h  e x e m p l a r s  v a r y ,  t o t a l

numb er of exemplars, amoun t of related prior learning,

p e r f o r m a n c e  c r i t e r i a  and f e e d b a c k , a n d  s e p a r a b i l i t y  ot property

dime nsions. Any theory that proposes to give a thorcug h accoun t

of concept learning must address the effects ot all ot these (and

p e r h a p s  o t h e r )  v a r i a b l es .  W h i l e  t h e  p r o p e r t y - s e t  m o d e l  is

amena b le to e l a b o r a t i o n  in  order  to account  for t h e  e f f e c t s  of

a l l  of these v a r i a b l e s, it does not do so in t he  present

-~~ - 
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formulation.

F i n a l l y ,  i t  should  be po in t ed  ou t  t h a t  w h i l e  the p r o p e r t y —

set model  p r o v i d e s  the bes t  f i t  tor t h e  recogni t ion and

classi f i cat ion da ta, many ot the other models tested also predict

the data well above the chance level. This result was obtained

despite the fact that feature frequency and distance from the

prototype were manipulated in a mariner designed to produce

ditterent ial predictions of s tr e n q th  and d i s t a n c e  models .  This

i l l u s t r a te s  th e  f a c t  t h a t  in  t h i s  and  o t h e r  s i m i l a r  concept

l ear n in q  e x p e r i m e n t s , t h e  p r e d i c t i o n s  of a n y  ot a number  of

model .r; a r e  l i k e l y  to he i d e n t i c a l  f o r  a l a r g e  set of the

e x pe r i m e n t a l  s t i m ul i .  In t h e  p resen t  s t u d y ,  w h i l e  m a n y  of t he

m o d e l s  f i t  t h e  mean d a t a  q u i t e  w e l l  ( v i z . ,  T a b l e s t4 and 5 ) ,

pairwise comparisons of mode l s  on c r i t i c a l  s t i m u l i  f o r  w h i c h the

models made ditterential predictions resulted in dramatic

d ifferences in the proportion of confirmations for the models (as

in Table 3).

It  m a y  be concluded fr o m  these o b s e r v a t i o n s  t h a t  s tud ies  of

ccncep t  l e a r n i n g  and  r e cogn i t i on  in  w h i c h  o n l y  one t h e o r y  is

considered , suppor ted by c o n f i r m a t o r y  ev idence , are

m e t h o d o l o q i c a l l y  suspect .  Seve ra l  p r e v i o u s  s t u d i e s  have  produced

data confirming a particular theory, but no argumen t against

U S j r t ~ t h e  sa me da ta to  s u p p o r t  a n u m b e r  of e q u a l l y  p l a u s i bl e

a l t e r n a t i v e  t heo r i e s .  In t he  pre sent e x p e r i m e n t  mean  r ecogn i t i on

ari d c l a s s i f i c a t i o n  p e r f o r m a nce were  pred ic t ed  a t  s t a t i s t i c a l ly

s i q n i f i can t  levels b y  several  models .  Yet  i t  was also possible

to rejec t most of those alternatives by means of the within—

sub ject pairwise ccmparison s of models. While it is, of course, 
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im possible to compare all possible alternative theories in -

st u ~1j es of concept  l e a r n i n g  or r e cogn i t i on, it is o b v i o u s l y  
I

u n d e s i r a b l e  to  pr opose  a t h e o r y  suppor t ed  b y  d a t a  t h a t  can be -~

t a k e n  in s u p p o r t  of  a n u m b e r  of a l t e r n a t i v e s  as w el l .  R a t h e r , an

attem pt was made here to enumerate a set of well—known and -

reasonable  a l t e r n a t i v e  r ecogni t i on  and c l a s s i f i c a t i o n  theo r i es ,

design a testbed in which differential predictions of the

theor ies  could be e v a l u a t e d, and p r o v i d e  an a n a l y t i c  p rocedure  to i

p r o v i d e  as m u c h  d i s c r i m i na t i o n  among the  a l t e r n a t i v e s  as

possible.

I

1~

I
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A p p e n d i x  I

S t r e n g t h  arid D i s t a nce M o d e l s  for Recognition Pertormance

In specifying the  mode l s , t h r e e  c o n v e n t i o n s  h a v e  been

adopted. First , since all test exemplars comprised only the

three criterial features (age , educa tion , and marital status),

memory representations and distance and s tr c n gt h  m e t r i c s  were  —

based only on those features. Names and hobbies were assigned

randomly to the originally classified exemplars , so the y

should not influence any of the models ’ predictions.

Second , all models assun’~ that each memory

representation is associated with an appropriate class

d e s i jn a t o t .  T h i r d , we d i s t i ngu i s h e d  ty p e  and token  exempla r s .

A n  e x e m p l ar  t y p e  is a n y  set of t h e  t h r e e  cr i t e r i al  f e a t u r e s

that occurred in at least one initially classified exemplar.

ba ch o c c uir e r i c e  of an exemplar type is an exemp lar token. The

following ar’~ bri e f descri pt ions ot alternative models.

(~f l )  ~~~~ ~ r oj~~r ty -se t L r e ~~uen . - i e s .  E v e r y  p r o p e r t y - s e t  of

t he i n i t i a l l y  cl a~~s i t i ’- ~d ex~~sp l ai~ i~~ : - t o r e d  in  r r4 ~~r r c r y .  E ach  n e w

occurcence of a ~rcpei ty— set ini cr en ents its strength value.

H~ co~Iitit1on ce nt  idence f o i  a test exem plar snoul.1 b’~ an

in i c r ’-~a s i n q  f un c t  l ø r i  ef  the- t rE q u e n c i *~s ot  all ptope i t y—sets in

memory that are contained in the test ex em r lar. [his model makes

p r e d i c t i on s  o n l y  w h e n  one t e s t  ex e m p l a r  d o m i n a t e s  a n o t h e r  in  a l l

cor respond  inq p r o p e r t y - s e t  f r e q u e n c iE s .

(R 2)  ~~~~.n-cA f~~~~ nc1~~. E v e r y

property- set o I r a l l y 
1ascxt 

r ed ex e m p l a r s  is s tored  in
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m e m o r y .  Each  p r o p e r t y - s e t  has  a t a g  f o r  each  ot  the c on c e p t

classes r e p r e s e n t e d  by in i t ia l l y  c l a s s if i e d  e x e r p l d r s .  E a c h  new

occurrence of a pLop erty- s~~t increments its strenqth value tot

o n l y  the. c o n c ep t  c lass  r e p r e s e n t e d  by i t s  o c cur r en c e .

R e c o g n i t i o n  c o n f i d e n c e  s h o u l d  be an i n c r e a s i ng  f u n c t i o n  of th ~

fr e q u e n c i e s  of t h e  p r o p e r t y — sets i n  t h e  sane  c o nc er t  c lass  as t h e

test e x emp l a r .  T h i s  model  m a k e s  p r e d i c t i o n s  o n l y  when one test

exemplar dominates another on all corresponding property-se t-

frequencies.

For models R3 — R i O  t he d i s t a n ce b e t w e en tw o exe m p l a r s  is

def i ned as the  number  of d imen sions on w h ic h th e y  d i f f e r  ( the

Hamming distance )

(H)) ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ Only pro totypes tor

each of the three concepts are abstracted and stored in nemory.

Recognition confidence should be a decreasing function of the

distance from the test exemplar to the nearer of the two club

protot ypes.

A L T E R N A T I V E  DI S I A N CE MO D E L S

( H 4 ) 
~~~~ Q~~~1 ~~~~~~~~~ ~2 ~~~~~~~~~~~ ~~i2~~~ Q~ ~J!2L

class. Each i n i t i a l l y  c l a s s i f i e d  C l u b  1 or 2 e x e m p l a r  t y p e

is s tored  in  m e m o r y .  K e c o q n i t i o n  c o n f i d e n c e  s h o u l d  he a

decreasi ng f u n c t i o n  o f the m i n im um sum o f t he d i stanc es f r o m

the test exemplar to t he  i n i t i al l y  c l a s s if i e d  e x e m p l a r  t y p e s  of

a single class.

( H 5 )  M i n i  urn total listance to c~xempl ar tokens ot e i t h er

cla ss. Each initially classified Club I or 2 r xe t ’-n la t t u k e n

is stored in memory. Recognition confidence should b - ’ a

_
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decreasing f u n c t i o n  of the m i n i m u m  sum ot t he  d i s tances  f r o m

the test e x e m p l a r  to the i n i t i a l ly c l a s s i f i e d  e x e mp l a r  tokens

of a s ingle  class.

( R 6 )  Total  d istauc~ to eiej~~ lar ~~~~~~ ~~ bo th  ~~~~~~~~~~. each

i n i t i a l l y  c l a s s i f i e d  C l u b  1 or 2 e x emp l a r  t y p e  is stored in

m e m o r y .  R e c o q n i t i cn  c o n f i d e n c e  shou ld  be a decreas ing f u n c t i o n

ot the sum of the distances Itom the test exemplar to the

i n i t i a l l y  c l a s s i f i e d  e x emp l a r t ypes  of bo th  classes.

(H7) Tota l distance to exe m~~~~r to ns ot c ses.

each initially classified Club 1 or 2 exemp lar token is stored

in memory . Recoqnition confidence should be d decreasing

function of the sum of the distances from the test exemplar

to th e init i a l l y  classi f i e d  e xe r rp l ar  t o k e n s  of b o t h  classes.

(RB ) To~ a1 distanc e ~~ ~fl ~~~~~~~~~~~ ~~~~~~~~~~ Ever y

i n i t i a l l y  c las s i f i e d  e x e m p l a r  t y p e  is s tored  in m e m o r y .

R e c o g n i t i o n  c o n f i d e n c e  s h o u l d  be a decr easin g f u n c t ion of t h e sum

of t h e  d i s tances  fr o m  the  test e x e m p l a r  to t h e  i n i t i a l l y

classified exemp lar types.

(R9) ~Q~~j ~~~~ ~~~ ~~~~~~~~~~~~~ ~~~~~~~~~ Ev e r y

i n i t i a l l y  c las s i f i e d  e x emp l a r  t o k e n  is s tored m i  m e m o r y .

Recognition confiden ce should be a decreasing function of

the sum of the distances from the test exemplar to the

initially classified exemplar tokens.

(RiO) 
~~~~ ~~~~~~ . Each initially classified Club 1 or

2 exem plar type (or token) is stored in memory. Recognition

contidence should be a decreasing function of the minimu m

_ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _  _ _



~~stance f rom the tes t  exem~~~~r to a~~ stored exempla~~

(Rh —RiB) Models Rh — RiB ate the same as models

R 3— R 1O except that the distance-between two items is defined

as a t h r e e-t u p l . e (d • d • d ) .  d equa ls  zero (one) if the
1 2 3 i

two i tems a r e  ident ica l ( d i f f e r e n t )  on d imen s ion  i (i =

2 , 3 ) .  These mode 1E p red ic t  t h a t  an exempla r  I sh ould  be

recognized better than an exemplar Y if the distances asso-

cia ted with x and y, (x , x , x ) and (y • y • y ) , satisf y
1 2 3 1 2 3

t h e  condit ions : y > x or y = x (i = 1. 2 , 3) and y > x
i i i i i i

for at least one i. If y = x (i = 1, 2 , 3 ) ,  t h e  models
i I

pred ic t  equal recognit ion of I and Y.

A L T E R N A T i V E  STRENGTH M O D E L S

( R 1 9 )  e~~tj en~~y of ~ res~~~~~~ j~~~. Each i n i t i a l l y  c l a s s i f i ed

exempla r  t o k e n  is stored in m emory .  Recogni t ion  conf idence

s h o u l d  be an inc reas ing  f u n c t i o n  of t he  p r e sen t a t i on  f requency

of the test exempla r  t ype .

( R 2 0 )  Within-class f~~~g~j~~çj ~~ ~~~~~~~~~~~~~~ Each

i n i t i a l l y  c lass i f i ed  exempla r  token is stored in memory .

R ecoqni t ion  conf idence  should  be an inc reas ing  f u n c t i o n  of the

m a x i m u m  f r e q u e n c y  of the test ez empla r  t y pe  in the  aE p r o p r i a t e

class.

( R 2 1)  Feature f~~ gj~encies. E a c h  cr i t e r i a l  f e a t u r e  in the

i n i t i a l l y  c l a s s i f i e d  e x e m p l a r s  is s tored in memory .

R e c ogn i t i o n  c o n f i d e n c e  shou ld  be an i n c r e a s i n g  f u n c t i o n  of the

f r e q u e n c i e s  of t h e  f e a t u r e s  in the  test e x e m p l a r  among all

- --- ----—-- -- - —~~~~~
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presented exemplars. This model ma k e s  predic t ions  only  when

one test exempla r dominates another on all corresponding

f e a t u re  t r equenc ie s .

(h 2 2 )  w i t h i n - c l a s s  f e a t u r e  f requenc ies .  Each c r i t e r i al

feature in the initially classitied exemplars is stored

in memory. Hecognition confide nce should be an increasing

function of the frequencies of the features in the test

ex emplar among presented exemplars of the same class as the

test e x e m p l a r .  T h i s  model makes  p r ed i c t i ons  o n l y  when  one

test exempla r d o m i n a t e s a n o t h e r  on a l l  c o r r e s p o n d i n g  f e a t u r e

f requenc ies .

( R 2 3 )  Sum of feature frequencies. Each criterial feature in

the initi~ ily classified exemp lars is stored in memory.

Recognition confidence should te ar increasing function of

the sum of the frequencies of the features in the test exemplar

among all presented exemplars.

( R 2~4) Within-c lass sum of feature frequencies. Each

crit erial feature in the initiall y classified exemplars is

stored in memory. Recognition coritidence shculd be an

increasing f unction of the sum of the trequencies of the features

in the test exemplar among presented exemplars of the sa me class

as the test exemplar.

(R25) ~ost fregue ~ rQ~~~rty-set. Every property-se t

encoded for the initially classified exemplars is stored in

memory. Recogniticr contidence should be an increasing functio n

of t h e  f r e q u e n c y  ot  the most frequent property—set. encoded for

t h e  test  ex e m p l a r a n o n g  a l l  p r e s e n t e d  ex emp l a r s .

— -

~ 

— ~~~
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(R26) ~j j c j~ss ~~~~t f r ~ guen t o~~e~~~y-se t .  E v e r y

property—se t encoded for the initiall y classified exemplars

is stored in m e m o r y .  P ecogn i tion  c o n fi d e n c e  s h ou l A  he an

inc reas ing  t u n c t i cn  of the  f r e q u e n c y  of t he  most f r e j u en t

property-set encoded tor the test exemplar among present .e-~

e x e m p l a r s  of t h e  sa me c lass as t h e  test  e x e m p l a r .

C ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
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Append ix  II

Strength and Distance Models for Classification Performance

Twelve  c l a s s i f i c a t i o n  models w e r e  e v a l u a t e d .  For models

C 2 — C B , the d i s t ance  between t w o  e x e m p l a r s  was  d e f i n e d  as the

numb er of dimensions on which they differed. It was impos3ible

t o  a p p l y  t h r e e — t u p l e  d i s t a n c e s  (as in  r e c o g n i t i o n  m o d e l s  R 9 - R 16 ) ,

becaus€ they do not provide a basis for determining r~~lative

di s tan c e s  to t h e  exempla rs or prototyp es of a l t e r n a t i v e  c lasses .

( c i )  c c  ITO a nostj~ ~~Q~~~rtI-set. All p r o p er ty -

sets encoded for the initiall y classified exemplar s are stored

in memory. A test exemplar should be classified in the class

associated with its most diagnostic prope rty—s~~t (classica l

estimator = ( f r e q u e n c y  of t h e  p r o p er t y - s e t  in class

i)/ (frequency of the property—set in both classes)).

Conf id ence shoul d be an i n c r e a s i n g  t u r c t ion of the

classica l likelihood estimator of the irost diagnostic property-

set.

~~~~~~~TIY~ 1~ c~ ~~~~~~~~

( C 2 )  P r o t o t y~~e-~~~u s - t L an s f o rm a t i o r s .  O n l y  t h e  class

prototypes a’e Etoted in memory. A test ex”t~p l a r  s h o ul d

be classified in the class associated u jth t~,e nearer

prototype. Confidence should decrease as -i t ’inction of t he

distance from the exemplar to the prototype .

(Ci) D~~fterence ~!~~J3 ~ Q~~h 2 t2.~I2~~~. Only
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t h e  two  class p r o t o t y p e s  are  s t o r ed  in m e m o r y .  A test exempla r

should be classified in the class associated with the

nearer prototype . Confidence should be an increasing f’inction

of the absolu te v a l u e  of the d i f f e r e nce be tween the di stances

f r o m  t h e  e x e m p l a r  to each p r o t o t y p e .

(C4) 
~~~ 2JBM!!! .~.M! QL ~~~~~~~~~~ ~~ ~J~21~~ 

ty~ es. Each

initially classified exemplar type is stored in memory. A test

e x e m p l ar  should  be c l a s s i f i e d  in t h e  class assoc iated w i th

the minimum S UI T  of d ist ances  f r o m  the exemplar to the

class ’s exemplar types. Confidence shoulu be a decreasing

f unction of the sum of distances.

(CS) ~~~ f nce bet w een su~~~ of d i s tances  to exe~~~1ar ty~~ s

of two classes. Each initiall y classified exemplar type is

stored in memory. A test exemplar should be classitied in the

class associated with the mini m um sum of distances from the

exemplar to the class ’s ex emplar types. Confidence should be

an i ncreasing function of the atsolute value of the differenc e

between the sums of distances from the test exemp l ar  to the

exemplar ty pes of the two classes.

(C6) ~inimj~~ sun- of distaflces to ~ xemp~ ar tokens. Eac h

ini tially classified exemplar token is stored in memory. A

test exemplar shoul d be classified in the class associated with

the minimum sum of distances trom the exemplar to the

class ’s exem plar tokens. confidence should be a decreasing

func tion of the sum of distances.

(Cl )  D f t ~~~~~~~e be ween ~ urr s of 1 i st a nc ~’s to  k~i

of two c.Aasses. Each initiall y classifie d ~xem plar token is

______________________________________ ~~~~~~~~~~~~~~~~~~ ~J ff l .1.flI1. . . J~F I J . . r ~~~~~~~~~ .. 
. . r~~~] . .
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s tored  in  memory .  A test exempla r should be c l a s s i f i e d  in t h e

class associated w ith the minimum sum of distances from the

exemplar to the class ’s exemplar tokens . C o nf i d e n ce  s h o u l d  be

a r t  i nc reas ing  f u n c t i o n  of t h e  a b s o l u t e  v a l u e  of t he d i t t e r ence

b e t w e e n  t h e  sums of distances f r o m  t h e  tes t exem p l a r  to the

exemplar tokens of the two classes.

(C8) Near~~~ ~eighbor. Each initiall y classitiLd exempla r

type is stored in memory. A test exemplar should be

c lass i f i ed  in the  cl as s  associa ted  w i t h  its neares t  neijhbor

(minimum distance) in memory. Confidence should be a

decreasing function of the dista nce from the exemplar to its

nearest neighbor .

ALTERNATIVE S1R~~NGTU MODELS

(C9 ) Sum ~~ ~~~~ ~~ class E~2Q~&tY~~~~t ~~~~~~~~~~~ Al] .

property-sets encoded tor the initiall y classif ied exemplars

are stored in memory. A test exeniplax should be classitied in

class i if all of its property-sets have occurred more

trequer itly among thc exemplars ot class i than class i.

Confidence should be an increasing function of the sum of the

d i f fe re n c e s  be tween  f re q u en c i e s  of a s s o ci at i o n  be tween

correspo nding property—sets and the two classes.

(d o) ~ayesjan ~~~~ ~j~ g~~~~~ic 
~~~~~~~~~~~~~~ 

All property-

sets encoded for the initially classified exemplars are stored

i n  memory .  A test e x e m p lar  shou ld  be c l a s s i f i e d  in the class

associated with its most diagnostic property— Eet (Bayesian

e s t i mat o r  = ( f r e q u e n c y  of t h e  p r o p e r t y — s e t  in c lass  i .

1 )/(frequenc y of the property—se t in both classes + 2 ) ) .

f -

~ 
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Confidence should be an increasing function of the ~ayes iari

l i k e l i h o o d  e s t i m at o r  or t h e  most  d i a g n o s t i c  p r o p e r t y — s e t .

( C l i )  Fr ~~~~UenC ! ~~ 2~~~~~fl!.d tQ~ Jn €j t~~~~ ass. I n i t i a l ly

classified exemplar tokens are stored in memory. A test

exem plar should be classified in the class most frequently

assoc ia t ed  wi th i t s  type  in m e m o r y .  C o n f i d e n ce  s h o u l d  be an

increasing funct ion ot the freq uency of presentation ot the

e x em p l a r  t y p e  in t h e  class.

(C12) ~ i f f e rence bet!~~~~ ~~~~~~~~~~~~~~ L~e~~uencies  in the  two

~~~~~~~~ Initially classified exemplar tokens are storel in

m emory. A test exempla r should be classitied in the club

most trequently associated with its type in memory.

Conf idence  shou ld  be an increasing function of the 3bsolute

v a l u e  of th e d i f f erence between i ts  p resen ta t i on  f r eque ncies in

the  t w o  c lubs .
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